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Application of the Savitzky-Golay Filter to
Land Cover Classification Using Temporal
MODIS Vegetation Indices
So-Ra Kim, Anup K. Prasad, Hesham EI-Askary, Woo-Kyun Lee, Doo-Ahn Kwak, Seung-Ho Lee, and Menas Kafatos

Abstract
In this study, the Savitzky-Golay filter was applied to smooth
observed unnatural variations in the temporal profiles of
the Normalized Difference Vegetation Index (NDVI} and the
Enhanced Vegetation Index {EVI} time series from the MODerate Resolution Imaging Spectroradiometer (MODIS}. We
computed two sets of land cover classifications based 011
the NDVI and EVI time series before and after applying the
Savitzky-Golay filter. The resulting classification from the
filtered versions of the vegetation indices showed a substantial improvement in accuracy when compared to the classifications from the unfilt~ed versions. The classification by
the EVIsg had the llighest K (0.72} for all classes compared to
those of the EVI (0.67}, NDVI (0.63}, and NDV/sg (0.62). Th erefore, we conclude that the EVIsg is best suited for land cover
classification compared to the other data sets in this study.

Introduction
Larid cover data provide kP.y P.nvironmcntal information for
many scientific and policy applications, including resource
management. They play a pivotal role in evaluating ecosystem processes and human activities (Cihlar, 2000; Homer et
a/., 2004; Marland et al., 2003). Remote sensing has recently
become an important tool for preparing land use maps to support a wide range of environm ental research and planning activities. Moreover, classification of spectral images has become
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a particularly useful application for deriving land cover
maps (Heinl et al., 2009; Herold et a/., 2008; Xia et al., 2008).
Conventional procedures for land cover assessment generally
use one or more image sources such as those obtained from
Landsat, tho Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), the Advanced Very High Resolution Radiometer (AVHRR), and other remotely sensed data {Bakr
et al., 2010; Samaniego and Schulz, 2009). However, such
remotely sensed data have some limitations such as spatial
and temporal resolutions, availability of data, and overall cost
considerations (Lunetta et al., 2006; Wardlow et al., 2007).
The MODerate Resolution Imaging Spectroradiometer
(MODIS) onboard the Terra and Aqua satellites, offers an opportunity for large-scale land cover characterization. MODIS
provides high-quality regional as well as global coverage with
high temporal (daily, 8-day. 16-day, and monthly composites) and intermediate spatial (250m) resolution (Justice and
Townshend, 2002; Knight and Lunetta, 2006; Lunetta et al.,
2006). Wessels cl al. (2004) found that typical land cover
classes such as agriculture regions, deciduous/evergreen
forests, and grassland areas could be successfully mapped using MODIS 250 m data. Dash et al. (2007) used two operational
Medium Resolution Imaging Spectrometer (MERIS)-derived
vegetation indices (at 300m spatial resolution), forming the
MERlS global vegetation index {MGVI) and the MERIS terrestrial
chlorophyll index (MTCI), for land cover classification and
mapping, and achieved good accuracy (73.2 p ercent). They
also found a high degree of inter-class separability that varied
seasonally, resulting in higher accuracy in certain periods.
Knight and Lunetta (2003) suggested that the minimum mapping unit should be close to the native resolution of the sensor, since the resampling process to create coarser resolution
data also increases the associated errors.
Moreover, time-series signatures derived from repeated
sampling of the study area throughout the year based on
satellite observations are increasingly being used by agricultural scientists. ecologists, and environmentalists (Friedl et
a/., 2002; Doraiswamy et al., 2005; Knight and Lunetta, 2006;
Oliveira et al., 2010; SuJla-Menashe et al., 2011). In some cases, the temporal signature proved to be more important than
spectral information from multiple bands or image texture for
identification of specific forest types. such as semi-deciduous
Atlantic forest (Carvalho et ol., 2004). National Oceanic and
Atmospheric Administration (NOAA)/AVHRR time-series data
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(1.1 km resolution) have been used by Fischer (1994) in a
semi-empirical model to identify unique inflexion points in
the phenological signature that provide useful information on
actual crop development. NOAAIAVHRR-derived Normalized
Difference Vegetation Index (NDVI) temporal profiles (timeseries signatures) have been used to monitor the phenological
stages for soybean yield forecasting, and to track the biomass
of this crop (Esquerdo et al., 2011). The spatial distribution
of phenological melrics estimated from MODIS data is qualitatively realistic, and exhibits strong correspondence with
temperature patterns in mid- and high-latitude climates, with
rainfall seasonality in seasonaJly dry climates, and with cropping patterns in agricultural area (Zhang et al.• 2006).
The VI was developed on the basis of the unique spectral
characteristics of green vegetation in the visible and nearinfrared wavelengths (Verstraete and Pinty, 1996). Although
there are several methods for calculating VI using these two
spectral bands, the NOV! has been the most widely used in applied remote sensing. Tho NDVI is calculated by dividing the
difference between the two spectral reflectance values by their
sum (Tucker et al., 1991). Furthermore, the EVI is introduced
as a modified NDVI that is more resistant to the influence of
atmospheric aerosols than NDVI. This is achieved through
correction of the red channel using the more aerosol-sensitive
blue band (Huetc et o/., 2002). As such, EVI has improved
sensitivity in high biomass regions, and hence, a!lows for better vegetation monitoring through decoupling of the canopy
background signal, and the reduction of atmospheric influences (Huete eta/., 2002).Therefore, the EVI is a more suitable
measure of greenness of vegetation than NDVI, particularly
over regions with relatively high aerosol loading or strong
seasonal variations in aerosols.
The potential usage of time-series signatures derived
from MODIS-derived vegetation indices such as NOVI and the
Enhanced Vegetation Index (EVI) has been identified and
emphasized in several studies (Doraiswamy et al., 2005; Galford
et al., 2008; Lunetta eta/., 2006; Zhang et al.. 2003). Lunetta et
a]. (2006) utilized MODIS NDVI (16-day) time-series data, reducing noise with a discrete Fourier transform technique, for land
cover chango detection over the Albemarle-Pamlico Estuary
System region of the USA. They achieved reasonable accuracy
(88 percent with Kappa coefficient of 0.67). Hence, the MODIS
time-series data were found to be more useful due to increased
temporal resolution even though they have lower spatial resolution compared to Landsat. MODIS vegetation-related parameters
and phonology have been used to assess crop biophysical
parameters useful to crop yield (corn and soybean} and crop
classification (Doraiswamy eta/., 2005). The MODIS NOV! data
have also been found to be sensiHvc to an appropriate dynamic
range for assessing multi-temporal (seasonal} and spatial vegetation variability (Oliveira eta]., 2010). Moreover, Galford et al.
(2008) applied wavelet-smoothed lime-series on MODIS EVI data
to detect expansion of agriculture in Brazil.
It is noteworthy that phenological signatures of time-series
data acquired from spaceborne sensors are useful for studying vegetation characteristics (de Jong et al.• 2011; Lunetta et
al., 2006; Roerink et al., 2000). Roerink et al. (2000) applied
the Harmonic Analysis of Time Series (HANTS) algorithm to
recognize cloud-affected data for reconstructing gapless AVHRR
10-day maximum NDVI composites over Europe. de Jong et
a/. (2011) using global NOVI time-series data (1981 to 2006)
carried out harmonic analysis with the HANTS algorithm and
non-parametric trend analysis tu study monotonic; gn::tmiug
and browning trends, taking into account phenological shifts
and variations in the length of the growing season. On the
other hand, Oliveira eta/. (2010) applied the HANTS algorithm
to smooth and de-noise MODIS vegetation time series. Hird
and McDermid (2009) analyzed six methods (1\vice filter,
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ARMD3-ARMA5 filter; asymmetric Gaussin function-fitting,
double logistic function-fitting, MVI filter, and Savitzky-Golay
(SG) filter) and concluded that the strength and nature of the
noise should be considered when selecting a suitable method
for correcting time-series data.
ln many studies of vegetation remote sensing. the vegetation index (VI) has been used as a primary measure related to
biophysical characteristics of the canopy, such as biomass,
productivity, leaf area index (LAI) (Myneni et al., 2002; Zheng
and Moskal, 2009; Jia eta/., 2009), photosynthetically active radiation (PAR) (Wu et al., 2010; Xiao et al., 2010). and
canopy closure (Xu et al., 2003).
Time-series data for the VI derived from TERRA or AQUA
(MODIS), NOAA (AVIIRR). or SPOT (VEGETATION) have proven to
be appropriate for monitoring long-term land use and land
cover changes, extracting biophysical and phenological information on the canopy, and modeling terrestrial ecosystems at
global, continental, and regional scales (Gu eta/., 2009; Wardlow eta!., 2007). However, VI time-series data are spatiotemporally discontinuous due to cloud cover, seasonal snow, and
atmospheric variability (Chen et al., 2004; Xiao ct al., 2003;
Xiao eta!., 2011). Therefore a number of methods have been
developed in recent years to reduce this noise and construct
high-quality VI time-series data sets for further analysis (Hird
and McDermid, 2009). Reduction of noise in NDVI data, while
maintaining the integrity of the NDVI signal, is fundamental
to the extraction of phenological information as well as for
classification accuracy (Hird and McDermid, 2009). These
methods are generally grouped into two types: (a) noise
reduction in the frequency domain, such as Fourier-based
fitting methods (Roerinlc et al., 2000; Verhoef et al., 1996). and
(b) noise reduction in the temporal domain, based on tho best
index slope extraction (BISE) algorithm (Viovy et al., 1992),
weighed least-squares linear regression (Swets et al., 1999), or
asymmetric Gaussian function fitting (Jonsson and Eklundh,
2002). While these methods are commonly used to restore VI
multi-temporal profiles, they also suffer from several drawbacks (Jonsson and Eklundh, 2002). Fourier-based fitting
methods may generate spurious oscillations when applied to
asymmetric NDVI time series, since they depend strongly on
symmetric sino and cosine functions (Chen et al., 2004; Roarink et al., 2000). The lliSE algorithm requires determination of
a sliding period. as well as a threshold for an acceptable percentage increase in NOVI for regrowth during a sliding period,
based on an empirical strategy that is generally subjective and
depends on the skills and experience of the analyst (Chen et
al.. 2004; Lovell and Graetz, 2001; Viovy et al., 1992). The
asymmetric Gaussian function-fitting approach is more tlexiblc and effective in obtaining a high-quality NDVI time series.
However. it may fail to identify a reasonable and consistent
set of maxima and minima to which the local function can be
fitted, especially for noisy or non-cleared seasonal data (Jonsson and Eklundh, 2002). To overcome these challenges. in the
current research we used the SG filter to produce corrected VIs
(termed NOVJsg and EVJsg) time series from the original MODIS
VIs at 250 m resolution. The SG filter allows the removal of
noise due to cloud contamination in the time series, while
closely following sharp variations (the phenological signature)
in tho magnitude of the VI (16-day composites). The SG filter
was initially and is still frequently used to make the relative
widths and heights of spectral lines in noisy spectrometric
data visible (William, 2007) . It is also efficient in reducing
<.:onlmuiu<~lion iu Vl time series caused primarily by cloud and
atmospheric variability (Chen eta/., 2004). The SG filter can
be applied to smooth VI data sets sampled at various intervals
such as daily, 10 day, or monthly (Chen el a/., 2004).
In this study we investigate the appropriateness of using time-series data for the VIs derived from MODIS for land
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cover classification and the effect of applying the SG filter on
the time-series data and resulting classifications. Hence, the
objectives of this study are to (a) apply the SG filter to reduce
contamination in the Vl time series and smooth out the temporal data, (b) assess the improvement in classification accuracy
with the SG filter, and (c) statistically evaluate land cover classification using MODIS EVl and NDVl data (with and without the
SG filter). Hen ce, this study identifies the optimal data form for
land cover classification, using periodic data for land cover.

however, lowlands are found mainly along the western side
of the peninsula, and extensive lowlands are present in the
south (The National Atlas of Korea). Land cover data was
produced based on 1 m x 1 m airborne image and field survey
(Ministry of Environment, 2008). It is composed of needleleaf forests (32 percent, mainly Pinus densiflora), broad-leaf
forests (17 percent, mainly Quercus spp.), mixed forests (19
percent, needle-leaf and broad-leaf), cropland (25 percent),
and urban areas (7 percent) (Figure lb). South Korea has a
tP.mperate climate with four distinct seasons whoro tho annual
average temperature varies from 10° to 16°C, except in the
hilly regions and annual precipitation of about 1,500 mm.

Materials and Methods
Study Area

MODIS Vls Data

The current research focuses over South Korea, in region
situated within latitude 33°09' to 38°45'N and longitude
124°54' to 131°06'E with an approximate area of96,070 km2 ,
where mountainous/hilly terrain represents approximately
64 percent of this area (Figure 1a). The mean elevation and
slope are 433 m and 10.4 percent, respectively. The Taebaek
Sanmaek (Taebaek Mountain Range) rises to over 1,500 m on
the eastern side of the peninsula and drops abruptly toward
the East Sea with little or no coastal plains. In the central
zone, moderately high mountains dominate the landscape,
TABLE

1\-velve-month time series of 16-day composite Terra MODIS
250 m EVI and NDVI data (MOD13Q1 v004) spanning one
growing season (January to December 2008) were produced
for South Korea. The data (MOD13Q1) were downloaded
from the Distribution Active Archive Center at NASA Goddard
Space Flight Center. Both time series consisted of 23 data
files, with each file a 16-day composite. The EVl and NOV! data
were extracted from the MODIS tile (h28v05) and reprojected
to the Universal Transverse Mercator (liTM) then compared to
field sites with specific land cover types.

1. THE RANGES AND MAJOR CHARACTERISTICS OF THE VIS FOR EAcH CLASS
EVI

NDVI

Class
Range

High value composite

Range

High value composite

Needle·
leaved

0.10-0.55

9th -17'b
(27 May- 02 October)

0.25-0.90

8'h -191h
(11 May- 04 November)

Broad-leaved

0.10-0.78

lO'h -18th
(12 June- 18 October)

0.15-0.97

9th- 18th
(27 May- 18 October)

Mixed

0.10-0.65

gm- 18th
(27 May- 18 October)

0.29-0.92

81h - 19th
(11 May- 04 November)

Crop

0.10-0.7

12th- 18th
(14 July- 18 October)

0.2 - 0.9

12th -18'b
(14 July -18 October)

Urban

<0.2

<0.4
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Figure 1. (a) The study area -South Korea, and (b) The occupation percentage of land cover types (needle,
broad, crop, urban, and mixed) in South Korea.
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The NDVI is a normalized difference measure comparing
the near infrared and visible red bands shown in Equation 1
[Rouse et al., 1973; Thcker et al., 1991):

NDVI

=PNTTl -p red

(1)

P NIR +p red

where Pnd and PNIR represent the surface reflectance of the
MODIS red band (620-670 nm) and the NIR band (871-876 nm),
respectively.
The EVI is a modified NDVI with a soil adjustment factor
Land two coefficients, C1 and C2 , which describe the use of
the blue band to correct the red band for atmospheric aerosol
scattering as shown in Equation 2:

EVI =G

(PNm (pNIR

Pred)

+ C tXPred- C 1XPbJue + L)

(2)

where PbJu~ is the blue band (459-479 nm}. The coefficients C1,
C2 , and L have been empirically determined to be 6.0, 7.5, and
1.0, respectively, and G is set to be 2.5 as a gain factor. Such
modification improves sensitivity to high-biomass regions
and vegetation monitoring through decoupling of the canopy
background signal and reduction in atmospheric influences
{Huete et al., 2002).
Seasonal and monthly cycles of MODIS-derived Aerosol Optical Depth (AOD) over East Asia show a maximum in spring
and a minimum in autumn and winter (Kim et al., 2007). For
our purpose the EVI product has improved sensitivity over
high biomass regions and improved vegetation monitoring
capability through a de-coupling of the canopy background
signal and a reduction in atmosphere influences. Hence, EVI
data should be more suitable than NDVI (Xiao et al., 2003), as
we were using the temporal signature of each class over an
entire year, and the EVI uses the blue band to account for the
atmospheric aerosols, hence the EVI is less affected (Xiao et
a/., 2003), which is particularly important during the spring.
The Savltzky-Golay Filter Algorithm

Savitzky and Golay (1964) proposed a polynomial functionfitting method based on a weighted least squares regression
approach. This approach tends to preserve features of the data
set such as relative maxima, minima, and widths. The filter
could be viewed as a weighted moving average filter with
weighting given as a polynomial of a certain degree. This filter
can be applied to any consecutive data when the data points
are located at fixed and uniform intervals along the chosen
abscissa. The curve formed by graphing the points must
be continuous and more or less smooth. In this study, the
consecutive points were VI values at regular intervals (every
16 days). VI values (MOD13Ql data) are distributed in 16-day
composites, which do not mean that the data for any given
pixel occurred on a regular frequency of 16 days. However,
in this study, SG filter is used to find out its impact on time
series data. The filter algorithm is as follows:
i=m

y: : ""
L..j:-m c. X Y . .
I

I

N

}+I

(3)

where, Yis the original VI value, Y;*is the filtemrl vr vah1e.
C; is the coefficient for the j1h VI value of the filter (smoothing
window), and N is the number of convoluting integers equal to
the smoothing window size (2m+ 1). The index j is a running
index of the original ordinate data table. The smoothing array
(filter size) consists of 2m + 1 points, where m is the halfwidth of the smoothing window. A larger value of m produces
a smoother result at the expense of flattening sharp peaks.
678
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The SG filter constitutes the core of a workflow used to process vr time-series data according to the method proposed by
Chen eta!. (2004). First, cloudy values within a time profile
are identified based on information from the MOD13Q1 data
set. These values are replaced by a linear interpolation of the
nearest cloud-free neighboring values. Second, the SG filter is
applied to calculate a set of smoothed time series data points
using different weighting options. Third, it calculates weights
for iterative filtering based on the long-term change trend and
the preprocessed time profile. The final filtering process then
uses the initial curve, the change trend and the weights to calculate a new curve. The filtering process is terminated when
the fitting effect index is minimized (Chen el al., 2004).
Land Cover Classification and Assessment

In the current research, land cover classification was performed over a two-step procedure. First, the representative
training areas were identified and a numeric description of
the spectral attributes of each land cover type in the scene
was derived from the VI data set. Second. the maximum likelihood classification (MLC) was applied for each time-series set
of filtered VI data. The MLC method assumes that the training
data statistics for each class in the bands are normally distributed (Gaussian). Therefore, each pixel was assigned to the
class with the highest probability (Jensen, 2011).
A database of 167 training areas with specific land cover
types was created using information from aerial photos and
field visits. The mean training area size was 442 ha, and sizes
ranged from 48 to 1,545 ha depending on the land type. There
was a large range of training area sizes because the areas were
not spectrally homogeneous in the high spatial resolution
imagery, although they were naturally homogeneous.
Classification results were verified using land cover ratio
of each class by Ministry of Environment (2008) and independent reference data (test areas), where 552 test area locations
were randomly and independently selected for each classification class. We performed visual interpretation of the aerial
photos to identify potential accuracy assessment areas and
investigated each of these areas in the field. Producer's and
user's accuracy (Congalton and Green, 2009; Story and Congallon, 1986) verification w~s performed using cross tabulation~and the Kappa value ( K ).
K is a measure of agreement or accuracy between the
remote sensing-derived classification map and the reference
data (Congalton, 1991; Swets eta/., 1999). The K function is
calculated as follows:

(4)

where k is the number of rows (land cover classes) in the matrix, xu is the number of observations in row i and column i, X ;.,
and x.; are the marginal totals for row i and colu~ i, respectively, and N is the total number of observations. K values
>0.80 represent strong agreement or accuracy betweenjhe classification map and the ground reference information. K v~lues
ranging from 0.40 to 0.80 represent moderate agreement. K
values <0.40 represent poor agreement (Landis and Koch, 1977).

Results and Discussion
Determination of the Corrected Vegetation Indices
The EVI is nearly always lower than the NDVI tluoughout
the EVI/NDVI range of values (0 to 1.0; Terrestrial Biophysics

and Remote Sensing Lab, 2008). The NDVI temporal profiles
show anomalous drops in the VI, particularly during the 13 1h
composite (30 July) compared to the 12th and 14th composite.
PHOTOGRAMMETRIC ENGINEERING & R£MOTE SENSING

This drop is conspicuous in both the needle- and broad-leaf
classes (Figure 2). It is well known that the growing season of
vegetation in Korea is from April to October and growth peaks
would be different between species. However, although July
is within the growing season for needle- and broad-leaf trees,
anomalous declines appear during this period (Figure 2).
These anomalies during July can be attributed to a number of
potential factors, such as cloud contamination, large atmospheric variability, and bi-directional effects. Such disturbances in space-based VI measurenuml:;, particularly during
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Figure 2. The left column shows the original EVI {dashed line} and SG-filtered EVI {EV1sg, solid line}, and the right column shows the original NDVI (dashed line} and the SG-filtered NDVI (Nov1sg, solid line) temporal signature for the various land cover classes {needle, broad,
crop, urban, and mixed) for 2008. The numbers on the x-axis correspond to the sequential numbering (1 through 23) of the 16-day
MODIS composites for January to December 2008.
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...

(a)

(b)

...
(c)

I

•

(d)

Plate 1. (a) The original EV1 image (before the sG filter, EVI), (b) the corrected EVI image (after the sG filter, EVIsg), (c) the original NDVI image (before the SG filter, NDVI), and (d) the corrected NDVI image (after the SG filter, Novtsg) for three consecutive 16-day MODIS composites (12th, 13th, and 14th) during 2008 over South Korea.

curve trend for each class (Figure 2). The temporal profiles for
the needle- and broad-leaf classes clearly show the effect of
applying the SG filter to the MODIS time-series data.
Nonetheless, it is noteworthy that SG filter has a drawback
of smoothing out the subtle details, however, phenomena occurrence and variability dependent on those little peaks and
dips were out of our scope and not considered in this study.
Thus, further study would be executed for overcome these
shortcomings.
To explicitly test the spatial effect of the SG filter, a comparison of the NDVIs and EVIs with and without .filtering is
presented in Plate 1. The anomalous decline in lhe NDVI and
EVI values in the 1Jlh composite is corrected by applying
the SG filter. Thus. the NDVTsg and EVIsg maps show smooth
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transitions in the VI from the 12'h to the 14rh composite, unlike
the original NDVI and EVl maps for the same period (Plate 1}.
The temporal profiles (Figure 2) and spatial maps (Plate 1) for
the needle- and broad-leaf classes clearly show the effect of
applying the SG filter to the MODIS time-series data.
Land Cover Classification and Accuracy Assessment

Plate 2a and 2b show the land cover classifications derived
from the EVI and EVJsg time-series data. Land cover data provided by the Ministry of Environment was compared with
that calculated from EVJ, EVIsg, NVDI, and NDVIsg to find out area
distribution difference. As a result we observed some changes
in the actual land cover fractions (Figure lb), as follows. EVIand EVIsg-derived needle-leaf class fractions (38 percent and 37
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Plate 2. The top panel shows land cover maps derived from (a) the original EVl time series before the SG filter, (b) the EVJsg time series
after the SG filter, (c) the original NDVI time series before the SG filter, and (d) the Novtsg time series after the SG filter. The bottom
panel shows the corresponding land cover class percentages (e) using EVI, (f) using EVJsg. before and after the SG filter, respectively,
and (g) using NDV1, and (h) using NDvtsg, before and after the SG filter, respectively.
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Plate 3. Land cover classification maps derived from multi-temporal data: (a) Eves, (b) NCMSg, (c) a multi-band Landsat Image (see
Table 4), and (d) a multi-band MOOts image (see Table 5).
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TABLE

2. CROSS TABULATION FOR THE lAND CovER CLASSIFICATION DERIVED FROM THE FILTERED EVI TIME SERIES
(AFTER THE SG FILTER, EVISG); ( ) VALUE IS BEFORE THE SG FILTER (ORIGINAL EVI}

Class

Needle-leaf

Broad-leaf

Needle- leaf

93
(97)

Broad-leaf

15
(15)

Mixed
Crop
Urban
Column total
Producer's accuracy

Mixed

Crop

Urban

Row total

User's accuracy

7

9

(9)

(22)

5
(11)

2
(3)

116
(142)

0.802
(0.683)

77
{82)

13
(25}

0
(0}

0
(2}

105
(124)

0.733
(0.661)

14
(11)

18
{11)

63
{39)

6
{4)

1
(1)

102
(66)

0.618
(0.591)

5
(5)

2
(2)

(O)

104
(98)

8
(9)

120
(114)

0.867
(0.860)
0.853
(0.840)

1

3

6

0

(2)

(6)

(O)

7
(9)

93
(89}

109
(106)

130
(130)

110
(110}

86
{86}

122
(122)

104
(104)

552
(552)

0.715
(0.746)

0.700
(0.745)

0.733
(0.453}

0.852
(0.803)

0.894
{0.856)

0.7790
(0.7337)

Overall accuracy= 77.90 percent (73.37 percent), Kappa value = 0.72 (0.67)
TABLE 3. CROSS TABULATION FOR THE lAND CoVER CLASSIFICATION DERIVED FROM THE f iLTE.RED NDVI TIME SERIES
(AFTER THE SG FILTER, NOVISG}; ( } VALUE IS BEFORE THE SG FILTER (ORIGINAL NDVI)

Class

Needle-leaf

Broad-leaf

Mixed

Crop

Urban

Row total

User's accuracy

Needle- leaf

90
(79)

10
(7)

24
(18)

12
(10)

1
(3)

137
(117)

0.657
(0.675)

Broad-leaf

10
(12)

60
(66)

16
(12)

0
(0)

0
(0)

86
(90)

0.698
(0.733)

Mixed

20
(22)

31
(30)

45
(53)

1
(2)

1
(1)

98
(108)

0.459
. (0.491)

8

3
(1)

1
(3)

94
(97)

5
(6}

111
(118)

0.847
(0.822)

120

0.808
(0.790)

Crop
Urban
Column total
Producer's accuracy

(11)

2

6

(6)

(6)

0
{0)

15
(13)

97
(94}

(119)

130
(130)

110
(110)

86
(86)

122
(122)

104
(104}

552
(552)

0.692
(0.608}

0.545
(0.600}

0.523
(0.616)

0.770
(0.795)

0.933
(0.904)

0.6993
{0.7047)

Overall accuracy= 69.93 percent (70.47 percent), Kappa value= 0.62 (0.63)
percent; Plate 2e and 2f) were higher than the actual needleleaf class fractions (32 percent). On the other hand, the EVI- and
EVIsg-derived broad-leaf class fractions (14 percent and 12 percent, respectively) were lower than the actual broad-leaf class
fraction (17 percent), However, the EVI and EVIsg crop class
fractions were 26 percent and 25 percent, respectively, similar
to the actual crop class fraction. Finally, the EVI and EVlsg urban
class fractions were 5 percent and 6 percent, respectively,
much lower than the actual urban class fraction (19 percent}.
Plate 2c and 2d show the land cover classifications derived
from the NDVI and NDVlsg time series data. The NDVI-based
land cover class percentages were distributed into 31 percent
needle-leaf. 11 percent broad-leaf. 27 percent crop, 9 percent
urban, and 22 percent mixed forest (Plate 2g). The needle- and
broad-leaf class percentages were lower than the actual class
percentages (Figure 1b). However, the crop, urban, and mixed
forest class percentages were higher than the actual class percentages. On the other hand the NDVIsg-based land cover class
percentages were distributed into 34 percent needle-leaf, 10
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percent broad-leaf, 25 percent crop, 10 percent urban, and 21
percent mixed forest (Plate 2h). The needle-leaf, urban, and
mixed forest class percentages were higher {Figure 1c), while
the broad-leaf class percentage was lower, than the actual
land cover percentages. The crop class percentages were same
in both cases. Hence, the EVIsg-based classification result has
most similar value with land cover that provided by Ministry
of Environment (Table 1).
Cross tabulation for the land cover classifications derived
from the EVI and EVIsg is shown in Table 2, where the value in
the brackets represents value of original EVI. We observed a
great improvement in the overall classification accuracy from
73 percent for the EVI to 78 percent for the EVJsg aft~r applying
the SG filter to the EVI data. Hence, the calculated K values
for the EVI· and EVlsg-based classifications improved from 0.67
to 0.72, respectively. The user's accuracies for each class,
a measure of the reliability of the output map based on the
classification scheme, showed significant improvements for
the EVIsg-based classification compared with that for the EVI.
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TABLE

4. AccuRACY OF LAND CovER ClASSIFICATIONS DERIVED FROM TIME-SERIES DATA (EVIsG, NDVIsG) AND A Mum-BAND lANDSAT IMAGE
EVIsg

Class

NDVIsg

Landsat

User's
accuracy

Producer's
accuracy

User's
accuracy

Producer's
accuracy

User's
accuracy

Producer's
accuracy

Needle- leaf

0 .73

0.60

0.73

0.60

0.58

0.41

Broad-leaf

0.68

0.87

0.73

0.76

0.63

0.87

MixP.ci

0.77

0.62

0.56

0.68

o.::;o

0.29

Crop

0.93

0.82

0.77

0.63

0.77

0.77

Urban

1.00

1.00

0.50

1.00

0.60

1.00

Overall accuracy (%)

74.2

68.5

62.1

Kappa value

0.64

0.57

0.47

Application of the SG filter increased the user's accuracy from
0.68 to 0.80 (needle-leaf class), 0.66 to 0.73 (broad-leaf class),
0.84 to 0.85 (urban class), and 0.59 to 0.62 (mixed class). The
crop class had similar user's accuracy (-0.86) in both cases.
The cross tabulation for the NDVI and NDVIsg is shown in
Table 3. The NDVI- and NDVIsg-derived land cover classifications had overall accuracies of 70 percent and 69 percent, respectively. The NDVI- and NDVIsg-based Kwere 0.63 and 0.62,
respectively. Thus, the overall accuracies and K values for
the NDVI- and NDVIsg-derived land cover classifications were
similar. The user's accuracies for the NDVI- and NDVIsg-based
classifications had mixed results. The user's accuracies for the
crop and urban classes improved for the NDVIsg-based classification over the NDVJ-based classification.
Therefore in conclusion, we observed that the EVIsg-based
classification had better user's accuracy for all individual classes than the EVI-, NDVI-, or NDVIsg-based classifications (Tables
2 and 3). The accuracy analysis clearly indicates that the EVfsg
time-series data is the most suitable for achieving the highest
overall classification accuracy as well as individual class user's
accuracy compared to other data sets (EVI, NDVI, and NDVIsg).
Comparison with a Multi-band Landsat Surface Reflectance Image

Plate 3 shows a comparison of land cover classification maps
derived from multitemporal data (EVIsg, I\1DVIsg) (Plate 3a and
3b) with that from a multi-band Landsat-7 ETM+ (Enhanced
Thematic Mapper Plus) surface reflectance image (Plate 3c).
The Landsat data, used for land cover classification, consists
of seven surface reflectance bands ranging from visible to
near infrared (NIR), shortwave infrared (SWIR), and longwave
infrared (LWIR). Surface reflectance was derived following
the MODIS Surface-Reflectance Product (MOD 09) which is
computed from the land bands 1. 2, 3, 4, 5, 6, and 7 (centered
at 648 nm, 858 nm, 470 nm, 555 nm, 1240 nm, 1640 nm, and
2130 nm, respectively). The product is an estimate of the surface spectral reflectance for each band as it would h ave been
measured at ground level if there were no atmospheric scattering or absorption. Since 2003 all Landsat ETM images have
had wedge shaped gaps on both sides of each scene, resulting in approximately 22 percent data loss. Scaramuzza et al.
(2004) developed a technique which can be used to fill gaps
in one scene with data from another Landsat scene. A linear
transform is applied to the "filling" image to adjust it based
on the standard deviation and mean values of each band, of
each scene. We have used the 07 May 2008 Landsat data in
this study to satisfy the best period (early-May) most suitable
to distinguish vegetation types in Korea. We encountered
a problem of scene absence at same period from Landsat-7
ETM+, and therefore, the scene which has enough information
needed in this study was selected and used. Classification
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results were verified using only the new 124 test area independent reference data. However, despite the high spatial
r~solution (30m), the overall accuracy was low (62.1 percent;
K = 0.47) when compared to those of EVIsg and NDVIsg (Table
4). Errors of commission due to mis-assignment of categories
in the classified image were much more frequent for each
class than for EVIsg, EVI, NDVIsg, and NDVI (Tables 2 and 3).
Comparison with a Multi-band Te"a MODIS Surface Reflectance Image

Plates 2 and 3 show a comparison of land cover classification maps derived from multi-temporal data (EVIsg, NDVIsg)
(Plate 2b and 2d) with that from a multi-band MODIS surface
reflectance image (Plate 3d) at 500 m (Level 2G, dated 02 May
2008). The MODIS data, product code MOD09GA, consists
of seven bands which are estimate of the surface spectral
reflectance as it would be measured at ground level at various
wavelengths. The surface reflectance bands used in classification are: Band 1 (620-670 nm), Band 2 (841-876 nm), Band
3 (459-479 nm), Band 4 (545-565 nm), Band 5 (1230-1250
nm), Band 6 (1628-1652 nm}, and Band 7 (2105-2155 nm).
A comparison of user's accuracy and producer's accuracy is
s]?.own in Table 5. The overall accuracy was low (57.6 percent;
K =0.47) when a multi-band surface reflectance image from
MODIS was used for classification. The overall and individual
class accuracies (Table 5) were lower than those of Landsat as
well as EVIsg, EVI, NDVI, and NDVIsg (Tables 2 and 3). The errors
of commission were even higher than for Landsat due to increased mis-assignment of categories in the classified image.
In summary, a comparison of the accuracy of land cover
classifications, over the same spatial extent, derived from
time-series data (EVIsg, NDVIsg) to that derived from a multiband Landsat image is shown in Table 4. Mis-assignment of
classes, i.e., errors of commission, were the highest for the
Landsat classification image when compared to the EVIsg and
NDVIsg images (Table 4; Plate 3). The overall accuracy was
lower (62.1 percent) for the Landsat classifications than those
derived from EVIsg (74.2 percent) and NDVJsg (68.5 percent).
Similarly, the overall accuracy was lower for classifications
derived from multi-band Terra MODIS (57.6 percent) when
compared to those derived from EVIsg (77.9 percent) and
NDVIsg (69.9 percent) (Table 5; Plates 2 and 3).

Conclusions
In the present work. we investigated the applicability and potential advantages of the SG filter for land cover classification,
as well as the reduction of noise such as cloud contamination,
using time-series signatures for individual classes derived
from MODIS 250 m VI data sets for South Korea. The phenological stages (signatures) for each ecosystem class were used
for classification based on temporal variations in VIs over the
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TABLE

5. AccuRACY oF lAND CovER CLASSIFICATIONS

DERIVED FROM A MuLTI- BAND MODIS IMAGE

MODIS (multi bands)
Class
User's accuracy

Producer's accuracy

Needle- leaf

0.55

0.37

Broad-leaf

0.52

0.70

Mixed

0.41

0 .35

Crop

0.65

0.66

Urban

0.70

0.80

Overall accuracy{%)

57.6

Kappa value

0.47

period of a year. We carried out land cover classification using
a standard procedure with only a single multi-band image.
The primary results include:
• The overall accuracies of land cover classifications
based on the MLC method using EVI, EVlsg, NDVI, and
NDVIsg were 73 percent, 78 percent, 70, and ~0 percent,
respectively. The calculated Kappa values ( K ) for the
land cover classifications using EVI, EVlsg, NDVI, and
NDVIsg were 0.67, 0.72, 0.63, and 0.62, respectively.
• The cross tabulation analysis indicated that the SGfiltered EVI time series (EVIsg) was most suitable for classifying and delineating land cover compared to the original EVI and NDVI data sets or the SG-filtered NDVI (NDVIsg).
• The EVI corrected for aerosol effects using the blue
band performed better than the NDVT, particularly over
regions with relatively high aerosol loading.
• The SG filter further enhanced the accuracy of the land
cover classifications by reducing noise sources through
temporal smoothing of the time-series signatures for
each class.
• The overall accuracy of the classifications based on
multi-band Landsat and Terra MODIS were 62.1 percent
and 57.6 percent, respectively, substantially lower than
that of EVIsg.
• The phenological signature of an individual ecosystem
class is an intrinsic advantage of using time-series data
and yields better classification maps than single multiband (surface reflectance) composites such as those
from Landsat and MODIS.
The present study classified land cover by large scale into
four different classes namely, needle-leaf, broad-leaf, mixed,
crop and urban class using temporal VI and found the optimal
data form to land cover classification. Thus, we conclude that
the SG-filtered EVI (EVIsg) is the most accurate and appropriate
methodology for carrying out time series-based land cover
classification among the MODIS vegetation data sets (EVI, NDVT,
NDVIsg) and also compared to single-date multi-band surface
reflectance images from Landsat and Terra MODIS.
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